The alveolated structure of the pulmonary acinus plays a vital role in gas exchange function.
INTRODUCTION
The mammalian interthoracic respiratory tract can be divided into two areas: conducting airways and pulmonary parenchyma (i.e., the gas exchange region of the lung). The conducting airways are a bifurcating network of relatively well-defined conduits carrying the ambient air to the parenchyma. Airways within the parenchyma -customarily called acinar/alveolar ducts -, on the other hand, are not pipe-like; they are formed by entrance rings of alveoli opening into a common passageway. Currently, enormous efforts (e.g., 1, 9, 10, 11, 13, 15, 31, 33, 47, 54, 61, 64) are devoted to reconstructing the conducting airway network in three dimensions (3D), facilitated by rapid advancement of imaging technologies (e.g., micro-computed tomography (µCT), hyperpolarized-gas magnetic resonance imaging (HHe3MRI), etc.), as well as a rapid increases in computing power.
In contrast to conducting airways, lung parenchyma is harder to access; the structures are physically small and located distally in the respiratory tract. Basic structures of lung parenchyma are highly complex; this complexity can be easily envisioned by the fact that the enormously large surface area of lung parenchyma, as large as that of a tennis court in the case of human lungs (17, 66) , for example, has to be folded-in within the lung cavity. At the same time, the image resolution required to obtain reasonable details of this complexity is on the order of a few microns (considering, for instance, the thickness of alveolar septa (inter-airspace septa) of roughly 10µm (17; P. Gehr, personal communication)). This required resolution is much finer than the resolution of commonly available MRI or even µCT mentioned above, but can be obtained with synchrotron radiation based x-ray tomographic microscopy (SRXTM).
Despite of these difficulties, the motivations for reconstructing the three-dimensional (3D) geometry of the respiratory region of the lung are numerous. Two-dimensional (2D) sections of lung parenchyma are insufficient for many purposes, and can produce erroneous models of lung structure (12) . For instance, 3D structural rendering is crucial to the study of micromechanics in 3D acinar micro-architecture, particularly given the likelihood of heterogeneous behavior with ventilation. Only by using a realistic 3D structure (for example, of alveolar shape and orientation of the alveolar opening with respect to the central thoroughfare acinar channel) can the qualitative and quantitative effects of 3D acinar geometry on gas and aerosol transport be determined. Despite the necessity of accurate 3D structural renderings of the gas exchange regions of the lung, there have been only a handful of attempts in the past (e.g., 5, 12, 25, 34, 37, 38, 43, 57, 65) , mainly because formidable effort was required using traditional specimen preparation and imaging techniques.
Here, we present our new effort at 3D reconstruction of the acinar airspace in fixed lung tissue using the novel technology of synchrotron radiation-based x-ray tomographic microscopy and subsequent 3D-modeling of the obtained images. Because of the large specimen volume that can be imaged at high resolution using this method, we anticipate that it will ultimately allow 3D reconstruction of the entire airspace of one acinus. Such a detailed rendering and consequent 3D quantitative analysis of structural measures of acinar morphology will prove invaluable to many studies, including performing the computational fluid dynamics of aerosol deposition in the gas-exchanging areas of the lung. In this paper, we demonstrate the ability of SRXTM to render greater volumes (10 9 µm 3 ) of lung tissue than is possible by confocal microscopy, and to achieve greater resolution (voxel size=1.4 µm µCT. We describe state-of-the-art Finite Element (FE) technology for 3D reconstruction of both tissue and air spaces in the acinus in detail; the outcome would be ready for subsequent FE computational analyses like fluid dynamics and skeletonization.
MATERIALS & METHODS
The experimental protocol for high-resolution 3D reconstruction of the rat acinus may be categorized into the following three components: tissue preparation, synchrotron radiation X-ray tomographic microscopy, and image processing (Fig. 1) . The first two components have been previously described in detail elsewhere (49, 50, 59, 62) , and thus are only recapitulated briefly
here. The emphasis of the present work is on the third component; the experimental methods are described in detail below.
Animal Handling and Tissue Preparation
Because our main aim in this study is development of new image processing methodology in order to reconstruct rat acinar structure in 3D, we utilized existing glutaraldehyde-fixed lung tissue samples of 60-day-old Sprague-Dawley rats (Zurich strain) (62) . The individual lung lobes were separated and their volumes were determined by fluid displacement (48). Tschanz et al.
(2003) provide a comprehensive morphometric characterization of these fixed lungs; we use these data as a "gold standard".
The left lung lobes were cut into 2 x 2 x 2 mm pieces, postfixed with 1% osmium tetroxide 
Synchrotron Radiation X-ray Tomographic Microscopy
The Epon embedded samples were shaped down into rods of a diameter of 1.2 mm using a watchmaker's lathe. They were glued on a rod-like sample holder of a diameter of 3.0 mm using two-component epoxy resin-based glue (Araldite Rapid™, Novartis, Basel, Switzerland). Special care was taken to ensure that the samples were mounted perpendicularly to the surface of the sample holder in order to fit exactly into the window of the camera (see Fig. 2 for Imaging Setup).
Image Acquisition The samples were scanned at an X-ray wavelength of 1 Å 
Image Manipulation
To facilitate detailed analysis for the development of 3D acinar reconstruction image processing, a cubic subregion of varying size was selected from the full dataset using the software Imaris (Bitplane AG, Zürich, Switzerland) installed on an Athlon 64 3500 based personal computer. Different subregions were chosen, typically representing a particular tissue structure, such as a cluster of alveoli without any large airways/branches, as well as a region without prominent ring artifacts. Ring artifacts represent an intrinsic problem of tomographic images and in our case are caused by very small particles trapped on the scintillator. They are usually limited to only some sections of the stack of images and are more prominent in the centre of the sample. Before proceeding with the next step, we reduced the noise in some of the original 2D images and softened the image edges by using a gaussian filter and/or a median filter with a 1*3*3-kernel.
Segmentation: Thresholding and Binarization
To render our samples in three dimensions, we first segmented the raw data. Segmentation (not shown), we selected an initial, tentative threshold value. Because the final selection of the threshold level is one of the most crucial steps in segmentation, special care has been taken to determine a correct threshold.
As indicated in Fig. 1 , we determined the appropriate threshold level iteratively:
i) we set an initial threshold level and performed segmentation;
ii) we sequentially performed the object-connectivity analysis and 3D reconstruction of objects (described below);
iii) we calculated and compared morphological parameters, such as volume density of tissue and surface area density of air space to those given by Tschanz et al. (2003) ; and iv) we readjusted/reset the threshold level based on the results of (iii) if necessary.
We performed this iterative process until the calculated morphological parameters closely matched the values of the gold standard (62).
Object Connectivity Analysis (OCA)
Depending on the threshold level selected, erroneous holes and isolated small areas/objects may appear in the segmented images. To avoid these artifacts and to maintain object connectivity, we needed to preprocess the segmented voxels. We first determined the number of isolated objects and their sizes in the ROI and then eliminated the objects below a reasonable size (~5 pixels) by reclassifying voxel values (from "airway" to "tissue", or vice-versa).
This Object Connectivity Analysis (OCA) was performed by implementing label adjacent pixel analysis in 3D (2, 14, 18) . For the sake of simplicity and clarity, we will explain this algorithm in 2D as follows.
Let us assume that "black" and "white" pixels (voxels in a 3D case) are distributed as in the example shown in Fig. 3a . Scanning pixels from top to bottom and from left to right, we will examine the connectivity of each "black" pixel, by checking the colors ("black" or "white") of its four adjacent pixels [a pixel on its left and three pixels on its top (top left, top middle, top right)].
We will assign a tentative Object Label Number, OLN, (consecutively, 1, 2, 3, 4…) to each "black" pixel, and examine connections between identified objects. Four simple logical algorithms are involved.
i) If all four adjacent pixels are "white", assign a new OLN to the current "black" pixel. [For instance, we assign OLN=1 to the pixel at (column 2; row 2); OLN=2 to the pixel at (9; 3), etc.
( Fig. 3b ).]
ii) If only one of the adjacent pixels has already been assigned an OLN, assign the same OLN to the current black pixel. [For instance, we assign the OLN=3 to the pixel at (4; 4) because the adjacent pixel on the left of it (at (3; 4)) has already been assigned with OLN=3 ( Fig. 3b ).]
iii) If more than one adjacent pixels have already been assigned an OLN and if those adjacent pixels have the same OLN, assign the same OLN to the current pixel. [For instance, we assign OLN=4 to the pixel at (6; 6) because the adjacent pixels at (5; 6) and at (6; 5) have already been assigned with an OLN=4 (Fig. 3b ).] iv) If more than one adjacent pixel has already been assigned an OLN but if those adjacent pixels have different OLNs, assign one of the adjacent pixels' OLN and put a special marker (flag) on that pixel. The pixel with this flag will be re-examined in the next step. [For instance, we assign either OLN=2 or 4 to the pixel at (8; 6) because the adjacent pixels at (9; 5) and at (7; 6) have already been assigned with OLN=2 and 4, respectively. Thus, the pixel is marked with a flag (Fig. 3b ).]
After assigning OLNs to all the "black" pixels, we then reexamine the flagged pixels, which indicate that two or more "appeared-to-be separated" objects are indeed connected. We reassign the same OLN to all of the connected pixels leaving from the flagged pixel. For instance, we assigned OLN=4 to the pixel at (8; 6) . This means that the pixels (9; 3), (10;4) and (9;4) are also assigned with the OLN 4 ( Fig. 3c ). Finally, we remove small objects that are physically unreasonable in size (<5 pixels) ( Fig. 3d ), suppressing noise and artifacts from the image acquisition.
3D reconstruction of separated objects
Much of the currently available medical imaging software for 3D reconstruction treats objects (i.e., lung tissues in our case) as surfaces, and this is most often done by a triangulation of the voxel surface. However, to perform a complete 3D reconstruction, we use a different approach here; we reconstruct not only the surface of the boundary between the tissue and the airspace, but also the volumes of tissues and airspace by fitting Finite Elements (FE) to the raw voxel data and hence inside the full volume. For this, we use a grid-based hexahedral algorithm (GBHA) (52) , which is explained as follows.
Let us consider an example in which we want to apply a threshold of 123 for the segmentation of our images. In Fig. 4a , the left panel shows the thresholded voxels in a 3D
representation and for the sake of discussion and clarity, a 2D representation is shown in the right panel.
i) Mesh Generation (Fig. 4b) A FE-mesh, initially uniform, is isotropically generated over all pixels. We position the nodes of the FE-mesh at the centers of the existing voxels (Fig. 4b, right panel) . This means that each FE overlaps 2x2 voxels in the 2D case ( Fig. 4b right panel) or 2x2x2 voxels in the 3D case (Fig.   4b , left panel). The black circles represent nodes generated inside the object and the white circles denote nodes outside of the object. The nodes inside the object have a pixel or voxel value higher than the chosen threshold and the nodes outside the object have a value lower than the chosen threshold. Each FE node is assigned the grayscale value of the corresponding voxel. Note that the boundary between the black and white nodes is not smooth at this stage.
ii) Surface Smoothing I (Fig. 4c) Because the FE-mesh is located on the surface boundary, some of its nodes (shown as the white circles) are on the outside of the object. Additionally, the grayscale pixel-values of those white nodes are lower than the chosen threshold value. By using a simple linear interpolation, we move these white nodes in the direction of the surface boundary toward the locations where the grayscale pixel-value would exactly match the threshold value. There are multiple methods available to move the nodes by linear interpolation. We adapted the method developed by Schneiders (1996) for our 3D case. It is important to note that in some cases this linear interpolation might even move the node inside the object (see Fig. 4c for examples).
iii) Surface Smoothing II (Fig. 4d) The translation of the nodes as described in Step 2 may in some cases lead to a distorted (concave) FE-surface. The distortion of the FE-nodes can be evaluated with their Jacobian value. The Jacobian value is a matrix of the derivation of global to local finite element interpolation function and the quality of any mesh can be directly evaluated by its Jacobian value (3). Distorted FEs, which are not suitable for subsequent numerical calculations, show a negative Jacobian. To optimize the Jacobian, we implemented the standard Laplacian
Smoothing Technique (LST) (16) . The LST usually takes a few loops (repetitions of step ii) over all FEs to achieve positive Jacobian values for all FEs. The results of applying the LST for 3D
and 2D cases are shown respectively in the right panels of Fig. 4d ("After LST").
Validation of segmentation and image processing
Once 3D reconstruction was performed with a certain tentative threshold value, the resulting 3D structure was evaluated against the gold standard, i.e., well-characterized morphometric data provided by Tschanz et al. (2003) . We calculated the Volume density of tissue (V VS ) and Surface area density of air space (S VS [cm
Visualization of the 3D reconstruction
Once the calculated morphological parameters met the gold standard, the resulting 3D reconstruction was transformed in a standard VRML-format for visualization as well as DATformat for subsequent Finite Element analysis.
RESULTS
The Epon embedded lung tissue samples of a 60 day-old rat were selected from the "lung tissue library" of Peter Burri's lab (University of Bern). All morphological parameters of this particular rat, against which our data was compared, are available and published in Tschanz et al.
A raw image stack and a cubic subregion
The samples were scanned with synchrotron-based x-ray tomographic microscopy and a stack of 1024 raw images was reconstructed in tiff-format ( Fig. 5a : Stack of images, 5b: One slice of the raw data). The resolution of the image was 1.4µm/pixel, thus the edge length of the cubic stack was 1433.6µm, containing approximately one billion isotropic voxels.
To facilitate further processing of the image, different subregions of interest (ROI) were extracted from the original raw data (one exemplary ROI is the orange small cube in Fig. 5a ), which is shown enlarged in Fig. 5c ). This ROI has a size of 196x196x196 pixels (i.e., an edge length of approx. 275µm) and contains approximately 7.5 million voxels. This is a reasonable size of data that can be easily handled by a standard PC (Duo Core 2 Pentium 2.33 GHz, 2 GB RAM) for visualization and volume rendering. The aforementioned size is an intermediate ROI;
depending on the need for visualization/volume rendering other sizes have been chosen. To validate the segmentation (see below) we have split a big ROI inside the sample in the full dataset vertically into five subregions leading to a ROI-size of 200*200*180 pixels.
Segmentation
As mentioned, the selection of a threshold level has significant affects on segmentation. To demonstrate this, we have segmented a small crop of the original data ( Fig. 6a ) with three different threshold values. With a low threshold level, for instance, 130, the image would possess too many black voxels and the septa in the lung appear to be too thick (Fig. 6b) . On the other hand, with a higher threshold level, for instance, 148, the image would possess too many white voxels and the lung tissue appears to be very thin, with multiple erroneous holes in the septal walls (Fig. 6d) . With an intermediate threshold, for instance, 139, the lung structure appears to be reasonable, with a minor amount of holes (Fig. 6c) . The optimal value of the threshold level was iteratively determined by performing a "readjustment-recalculation" process to match some of the key morphological parameters in the resulting 3D reconstruction to the gold standard. This is explained below in detail.
Finite element 3D reconstruction
Prior to the 3D reconstruction, the Object Connectivity Analysis was performed to screen small objects with unreasonable size; voxels of those unreasonably small objects were reclassified to match the surrounding voxels. After successful preprocessing, 3D reconstruction was performed using GBHA. The examples with three different values of threshold level (130, 139, 148), corresponding to those in Fig. 6 , are shown in Fig. 7 . As is expected, the 3D reconstructed object appears to have thick tissue walls with the lower threshold value of 130, while it appears to be too thin, with many holes with the higher threshold value of 148. With the intermediate threshold value of 139, the structure appears to be reasonable. This will be tested quantitatively next.
Validation of segmentation and image processing
To perform a statistical analysis for the selection of the threshold value, five pieces of parenchymal sample (200x200x180 pixels) were selected. We calculated the volume density of tissue (V Vs ) of each ROI after the 3D reconstruction, and the average value with standard error (SE) was plotted as a function of threshold level (Fig. 8) (Fig. 8) . As we expected, however, S Vs shows poor match with the reported value of 84 904 ± (SE) over almost the entire range of threshold levels tested and especially at the threshold value of 139. The cause of this discrepancy will be discussed in detail in the Discussion.
FE 3D reconstruction of air space
3D air spaces -separated by tissues -in the ROI were also constructed (Fig. 9) . To demonstrate air space configuration more clearly, a small alveolated air section was isolated from the center of ROI and was enlarged in an inset of Fig. 9 . These 3D air objects packed with several million 3D 8-node FEs (a mixture of structured and unstructured cubic elements) can be readily used for FE calculations, including airflow Computational Fluid Dynamics (CFD), in the future.
DISCUSSION
We described our custom-made Finite Element methodology to reconstruct the acinar airspace as well as septal tissue of rat lung in three dimensions. Approximately 3mm and a stack of 1024 image slices (1024x1024 pixels) was prepared for 3D rendering. After preprocessing the raw voxel data with a tentative threshold level, 3D Finite-Elements (FE) were created overlaying the voxel map using a grid-based hexahedral algorithm (GBHA). A proper threshold value for adequate segmentation was iteratively determined to match the calculated volume density of tissue (V Vs ) to the stereological determined value (62) . With the optimized algorithms (a combination of OCA and GBHA algorithms), CPU time for one iteration for approximately 8 million voxels was about 90 minutes by a standard PC.
Historical perspective
Acinar structure was traditionally studied using lung cast models (7, 19, 53) range from 270-600 µm in diameter (67) . Thus, sample size constraints limit confocal analysis to just a small portion of the acinus, restricting its usefulness in studies of flow and aerosol particle deposition. In the early 1990's, new imaging techniques, such as CT (8, 36) , permitted measurement and reconstruction of the 3D structure of the bronchial tree and small airways (1, 23, 40, 44, 46, 54, 68, 69) . Successful visualization of the acinar region, though, was limited by the spatial resolution of standard µCT. In the past few years, however, µCT-based 3D reconstruction and morphometric analysis of the alveolar region has become possible (32, 34, 65) , facilitated by the advent of synchrotron radiation computed tomography. Synchrotron radiation computed tomography (SRCT) is to be distinguished form synchrotron radiation based X-ray tomographic microscopy (SRXTM) (51, 58, 59) . While during SRCT the X-rays are directly recorded after transmitting the sample, during SRXTM the transmitted images are first recorded on a scintillator and magnified 5-20 times by an light microscope before recording.
Synchrotron radiation X-ray tomographic microscopy
Synchrotron radiation (SR) is an electro-magnetic wave emitted from electrons traveling near the speed of light when their path is bent by a magnetic field (27) . A synchrotron facility is an excellent source of the most useful electromagnetic waves to explore materials and biological systems: X-rays ultraviolet and infrared light. Here, we limit our discussion particularly to the application of SR for X-ray Tomographic Microscopy (Fig. 2) highlighting the following superb features.
High power and high brilliance. SR is extremely powerful but even more important is that this radiation is emitted by a small source area and that this emission occurs within a narrow angular cone. Bending magnets or sophisticated insertion devices (called undulators or wigglers)
produce therefore a high brilliant radiation which is several orders of magnitude more bright than conventional X-ray tubes (Fig. 2) . This makes the usage of monochromators 4 particularly interesting since an extremely intense photon flux at a selected energy (or wavelength) can be easily extracted from the white beam emitted by the source (Fig. 2) . The X-ray energy can be adjusted "ad-hoc" to the sample, according to its absorption properties. The monochromaticity of the beam is an important feature of SR application, critical for tomography applications since it automatically eliminates beam hardening artifacts from the tomographic reconstruction.
The high collimation of the SR produces "de facto" a parallel beam at the sample location: the resulting negligible geometrical blur makes it possible to obtain images with high spatial resolution and a high signal-to-noise ratio (SNR). Since, for a given SNR and a given contrast, the necessary photon flux scales with the 4 th power of the spatial resolution (6) it is obvious that SR based tomography is perfectly suited for investigations with spatial resolution in the micrometer or even submicrometer range. Nowadays, X-ray Tomographic Microscopy endstations installed at 3 rd generation synchrotron facilities like TOMCAT (59) reach routinely resolution around 1 micron within scan times of a few minutes.
Synchrotron radiation-based CT overcomes the critical technical issue (resolution) that has prevented fine-scale structural analysis of the acinus by tabletop x-ray µCT. The brilliant, highly collimated beam provides a nearly ideal x-ray source for µCT (30), producing greater spatial resolution. This allows high resolution imaging of unprocessed lung tissue (4, 29, 39, 55, 56) , and ultra-high resolution (from <1 µm to 15 µm, with tissue thicknesses of ≥1500 µm) visualization and 3D reconstruction of small airways and alveoli in processed tissue (28, 51) .
Segmentation/threshold
Careful determination of the proper threshold-level is essential for accurate 3D rendering and for the first step of FE-mesh generation. If the level is too low, the fraction of air would become unrealistically small relative to tissue resulting in thicker septa. If the level is too high, on the other hand, the fraction of air becomes unrealistically large relative to tissue; thinner tissue would result in artificial holes in the septal walls or even too many unconnected tissue pieces in the sample. This would have a direct impact on the skeletonization process (which is not dealt with in this paper), as well as the subsequent FE analyses, such as airflow simulations.
Our Object Connectivity Analysis (OCA) is designed to minimize this problem.
A unique aspect of our work is that segmentation was done iteratively by searching for the optimal threshold value (Fig. 1) . In every iteration, the key morphological parameter (discussed below in detail) was calculated and compared to the gold standard; the iteration was continued until the calculated value matched the gold standard. This gold standard was previously determined in the tissue sample from exactly the same animal (62) . Because our main aim in this work was to develop FE methodology, this selection of tissue sample, whose morphology has been thoroughly analyzed, is very well suited for this project.
The key morphological parameter we tried to match was the Volume Density of Tissue (V VS ). The V VS is an easy to calculate parameter (i.e., the sum of FE volume belonging to tissue divided by the sum of all FE volume) and is relatively insensitive to the resolution of the measurement technique. The calculated V VS decreases almost linearly with an increase in the threshold level (i.e., a fraction of air volume relative to tissue volume) around the gold standard value (V VS =0.196 in our case, see Fig. 8 ). At the threshold value of 139, the calculated V vs was within 2% difference of the gold standard.
We have also calculated Surface Area Density of Air Space (S Vs [cm 
2D vs. 3D
Morphological analyses in 3D are qualitatively different from stereology, which is an analysis made in 2D sections to infer 3D structure and morphometry. Apart from the most common measures of geometric/topological properties, such as the volume density, the area density, and the length density, stereological analysis is generally limited. For example, number density can not estimated stereologically using single sections without a significant number of a priori assumptions about the shape of the objects, including the question of whether the objects are convex and whether they are simply connected. These significant restrictions in the stereological analysis are due to the fact that it is based on the following two fundamental assumptions, 1) the structure is homogeneously distributed (i.e., spatially invariant), and 2)
isotropically distributed (i.e., rotation invariant) in the tissue sample (J.P. Butler, personal communication). The 3D analysis relaxes these restrictions either by going to full unrestricted 3D (µCT, MRI, SRXTM, etc.) or using two consecutive sections (disector) for the counting of numbers (26) .
In addition to these fundamental differences, 3D analyses have numerous advantages over traditional stereology. The most obvious advantage is the flexibility of the analysis. It is often difficult to properly select a region of interest (ROI) because the exact location of the target region cannot be identified beforehand and in the traditional approach, one has only one opportunity to section the tissue sample. In the case of 3D reconstruction analysis, on the other hand, the selection of the ROI can be repeated as many times as required and the selection can be iteratively improved until the target region of interest is obtained. Once the ROI is selected in 3D ( Fig. 10 upper panel) , the target region (e.g., an alveolus) can be viewed from any arbitrary angle (see Fig. 10 middle panel for example), including from the behind the object (Fig. 10 middle right), something not easily achievable otherwise. The 3D object can be cut into half ( Fig.   10 lower panel) and also be sliced to make 2D sections in any orientation with any slab thickness (data not shown) and there is no limitation in repeating the sectioning process.
Furthermore, since the ROI can be viewed in any chosen angle and an internal view is possible, it is possible to fly through the structure to gain an internal view of the conduit once the 3D reconstructed structure is electronically available.
Finite Element 3D rendering
It is important to make a clear distinction between our Finite Element (FE) 3D rendering approach and the traditional surface triangulation approach that is most common in medical imaging software. The triangulation approach is mainly used for surface visualization; this ) and direct import into the software used for CFD calculations and evaluation of morphological factors. Since we also obtain a mesh inside the structure, we lay the groundwork for the skeletonization (extraction of the mean middle line) of the terminal airways and the determination of the entrance ring of a single alveolus.
The main aim of this project is a direct elementalization of air (or tissue) space using Finite Element technique. By isolating air (or tissue) from the rest (tissue or air, respectively), the interface of these two volume components, i.e., an air-tissue barrier, is automatically identified.
For this isolation, we adapted the Grid-Based Hexahedral Algorithm (GBHA) proposed by Schneiders (1996) . First, a FE mesh was overlaid upon the voxel map. Basically, a relation of one FE to one voxel could be used, but one practical problem may arise. That is, if the number of voxels in the original data is too large (i.e., in an order of billion in the case of our raw data)
for a common PC to handle easily, we may need to reduce the number ratio between FE and voxel. The important points to achieve are, generally, 1) to reduce the number of FEs to a reasonable number, but 2) to still produce a smooth surface boundary. We use hexahedral FE Finally, for the type of image analysis discussed in this paper, the need for massive computation for 3D rendering as well as subsequent FE computational analyses is unavoidable.
In this regard, improving our computational capability, particularly by utilizing parallel and grid computing algorithms, would be required in near future. 
